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The synchrony of population dynamics in space has important implications for ecological 48 
processes, for example affecting the spread of diseases, spatial distributions and risk of 49 
extinction. Here, we studied the relationship between spatial scaling in population dynamics 50 
and species position along the slow-fast continuum of life history variation. Specifically, we 51 
explored how generation time, growth rate and mortality rate predicted the spatial scaling of 52 
abundance and yearly changes in abundance of eight marine fish species. Our results show 53 
that population dynamics of species with “slow” life histories are synchronized over greater 54 
distances than those of species with “fast” life histories. These findings provide evidence for a 55 
relationship between the position of the species along the life history continuum and population 56 
dynamics in space, showing that the spatial distribution of abundance may be related to life 57 
history characteristics. 58 
  59 
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Introduction  60 
The complexity and scale of spatial population dynamics greatly influence population’s 61 
responses to current large scale ecological threats, such as climate change, overharvesting 62 
and fragmentation (Ellis & Schneider 2008). Population dynamics are mainly regulated by 63 
environmental variation and density (Sæther 1997). Because these regulating factors often 64 
vary in space, local population parameters (e.g. abundance, vital rates) are also expected to 65 
show spatial variation (Barraquand & Murrell 2012). However, the spatial variation of these 66 
population parameters is often spatially autocorrelated, meaning that values of population 67 
parameters at nearer locations tend to be more similar than at more distant locations (Ellis & 68 
Schneider 2008). Similarly, temporal variation in population parameters often correlates more 69 
among closer locations than distant ones, resulting in spatial synchrony patterns (Koenig 70 
1999). 71 
 72 
The rate at which synchrony in population parameters declines with increased distance (i.e. 73 
the spatial scaling) is of central importance in ecology (Engen 2017), for instance because the 74 
probability of global extinction increases with increased spatial scaling (Heino et al. 1997; 75 
Engen et al. 2002; Liebhold et al. 2004). This is because local densities in synchronized 76 
populations are more likely to all be low simultaneously, leaving the entire population 77 
vulnerable to stochastic events. Also, synchrony has been shown to influence other ecological 78 
processes, such as the rate of spread of invasive species, diseases and parasites (e.g. 79 
Ovaskainen & Cornell 2006; Kausrud et al. 2007; Giometto et al. 2017), the optimal 80 
sustainable harvesting rate (e.g. Ruokolainen 2013; Engen 2017), and the relation between 81 
occupied range size and population growth rate (Engen 2007). While the presence of spatial 82 
synchrony has been established in a variety of systems, identifying drivers causing it has often 83 




Three main processes are known to cause spatial synchrony in population dynamics 86 
(Bjørnstad et al. 1999; Liebhold et al. 2004). First, widely synchrony environmental variables, 87 
such as climate, can synchronize dynamics of local populations that have the same density 88 
regulation structure  (i.e. the Moran effect: Moran 1953; Royama 1977; Grøtan et al. 2005). 89 
Second, widespread trophic interactions can affect spatial synchrony through, for example, 90 
the regulating effects of a common predator/parasite on the vital rates of a prey/host 91 
population (Ims & Andreassen 2000). Widespread harvesting can also induce analogous 92 
responses in the targeted species (Frank et al. 2016; Engen 2017; Engen et al. 2018). Third, 93 
individual dispersal tends to increase the distance over which population dynamics are 94 
synchronized (Ranta 1997; Paradis et al. 1999; Bjørnstad & Bolker 2000; Kendall et al. 2000). 95 
These processes often act simultaneously on a population, hindering the task of quantifying 96 
their individual effects, and are further influenced by other factors, such as cyclic population 97 
dynamics (Vasseur & Fox 2009) or by geographical patterns (e.g. topography, geographical 98 
barriers, latitudinal gradients; Walter et al. 2017). Population parameters, like strength of 99 
density dependence and demographic stochasticity, have also been shown to affect spatial 100 
synchrony, further complicating the identification and understanding of how spatial scaling 101 
varies among species (Lande et al. 1999; Engen et al. 2005b; Sæther et al. 2007; Engen 102 
2017).  103 
 104 
Theoretical studies have shown how several population parameters, such as strength of 105 
density regulation and population growth rate, can affect spatial synchrony (Murdoch et al. 106 
1992; Lande et al. 1999; Bahn et al. 2008). Empirical studies have also identified some 107 
important extrinsic factors affecting synchrony in wild populations, such as habitat type 108 
(Paradis et al. 1999, 2000), weather patterns (Lindström et al. 1996; Ranta 1997; Grøtan et 109 
al. 2005), and harvesting pressure (Frank et al. 2016; Kuo et al. 2016). However, fewer 110 
intrinsic population factors have been studied empirically, with notable exceptions like 111 
dispersal strategy (Paradis et al. 1999; Jones et al. 2007), strength of density regulation and 112 




Finding general patterns of covariation in ecological processes is important for our 115 
understanding of population dynamics and for the development of broad conservation and 116 
harvesting strategies. One ecological simplification that has proven to be very useful is the 117 
slow-fast continuum of life histories (Jennings et al. 1998; Ferguson & Lariviere 2002; Engen 118 
et al. 2005a; Jones et al. 2008). Early maturing species with short generation times and high 119 
reproductive rates characterize the fast end of the continuum, while long-lived species with 120 
high adult survival represent the slower end (Sæther & Bakke 2000; Ferguson & Lariviere 121 
2002; Oli 2004). From a species’ allocation along the continuum (i.e. pace of life), other 122 
aspects of its population dynamics can be predicted (Sæther et al. 1996; Jennings et al. 1998; 123 
Jones et al. 2008). For example, population growth of faster lived species tends to be more 124 
sensitive to changes in fecundity rates, whereas slow lived species are more affected by 125 
changes in adult survival (Oli 2004). This general pattern has been demonstrated in wild 126 
populations of birds (Sæther & Bakke 2000), mammals (Oli 2004; van de Kerk et al. 2013), 127 
reptiles (Shine & Charnov 1992; Clobert et al. 1998) and fish (Bjørkvoll et al. 2012; Thorson 128 
et al. 2017), and shown to be useful for the development of management strategies (Ferguson 129 
& Lariviere 2002). 130 
  131 
In this paper we examine whether the pace of life of a species, i.e., its placement along the 132 
slow-fast continuum, can also predict the spatial scaling of its population synchrony. We do 133 
this by analysing spatial synchrony in two population variables – abundance and yearly 134 
change in abundance – in relation to species life history parameters that are directly related 135 
to the slow-fast continuum – population growth rate, mortality and generation time – of eight 136 




Materials and Methods 139 
Study area  140 
We used spatial data and life history trait data from eight Barents Sea round-fish species (Fig. 141 
1). Many of the fish stocks in the Barents Sea have been regularly monitored for decades 142 
resulting in consistent high-quality datasets with spatial information (Stiansen et al. 2008) on 143 
species living in the same environment but covering a range of life history strategies (Bjørkvoll 144 
et al. 2012), making the region an outstanding model to study general patterns of spatial 145 
synchrony in relation to life history. The Barents Sea is highly seasonal, becoming largely 146 
covered during the winter period by sea ice that gradually melts during spring. Many of the 147 
fish inhabiting this sea carry out long seasonal migrations between spawning and feeding 148 
grounds (Olsen et al. 2010), suggesting high dispersal capabilities. Because spawning occurs 149 
largely outside of the study area and is followed by a planktonic phase (Olsen et al. 2010), we 150 
assume that populations give rise to synchrony through dispersal dynamics and local mortality 151 
rates, rather than self-recruitment. In other words, as local abundances fluctuate, local 152 
mortality and dispersal dynamics will be affected by density regulation processes thereby 153 
affecting abundance distribution patterns, while high reproductive rates at a specific region will 154 
not necessarily cause that region, or nearby ones, to receive a greater recruitment in the 155 
future. Nevertheless, social learning from older cohorts to younger ones has been suggested 156 
for species like herring (Clupea harengus; Huse 2016) and capelin (Mallotus villosus; 157 
Fauchald et al. 2006), where older cohorts lead younger ones to particular regions based on 158 
experience. This behaviour is reportedly strengthened with the abundance of the older cohort, 159 
thereby drawing an indirect link between local abundances of consecutive years. The species 160 
included in this study were: North East Atlantic (NEA) cod (Gadus morhua), NEA haddock 161 
(Melanogramus aeglefinus), NEA saithe (Pollachius virens), beaked redfish (Sebastes 162 
mentella), golden redfish (Sebastes marinus), blue whiting (Micromesistius poutassou), 163 
Barents Sea capelin and Norwegian spring-spawning herring. All these species are subject to 164 




Figure 1.  Barents Sea and surrounding land masses. The study region is overlaid with the 167 
hexagonal grid with 36100 km2 cells used in the spatial synchrony analysis. Each dot 168 
represents a sampling event. 169 
 170 
Estimation of population life history parameters 171 
We used five life history parameters to characterize the species’ allocation along the slow-fast 172 
continuum; population growth rate and its variability, mortality and its variability, and 173 
generation time. Species at the fast end of the continuum are expected to have high population 174 
growth rates, high mortality and short generation times (Sæther et al. 1996). Fast species are 175 
also generally expected to have more variable population dynamics than those at the slow 176 
end of the continuum (Shelton & Mangel 2011; Bjørkvoll et al. 2012). We therefore also 177 
included measures of variability of population growth and mortality. Estimates of life history 178 
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parameters were retrieved from Bjørkvoll et al. (2012), where they were estimated in a 179 
Bayesian hierarchical state-space population model using data on commercial harvesting, 180 
scientific survey abundance indices and information on proportions of mature individuals at 181 
age per year (ICES 2008a, b, 2009). Detailed information of the data from Bjørkvoll et al. 182 
(2012) can be found in Appendix 1 and in their supplementary materials. 183 
 184 
Generation time (𝐺𝑇) was defined as the mean age of mothers of newborn individuals, 185 
assuming a stable age distribution. Mortality was estimated as the expected natural mortality 186 
rate across ages and years, E(𝑀𝑎,𝑡), starting from the age at which individuals are recruited 187 
into the fishery and excluding the mortality caused by harvesting (for a full description of their 188 
methodology see Appendix 1 and Aanes et al. (2007); Bjørkvoll et al. (2012)). The variance of 189 
mortality, Var(𝑀𝑎,𝑡), was estimated using the standard formula for the variance of the log-190 
normal distribution. The annual multiplicative population growth rate, 𝜆𝑡, represented the 191 
potential population growth in the absence of harvesting. Variation in the growth rate among 192 
years was included by calculating the coefficient of variation, CV(𝜆𝑡). 193 
 194 
We used pairwise Pearson correlation tests to confirm that the relationships between these 195 
life history parameters corresponded to those expected from life history theory. We expected 196 
𝐺𝑇 to increase with decreased E(𝑀𝑎,𝑡) and 𝜆𝑡, indicating a transition from the fast end to the 197 
slow end of the continuum among the species examined. We also expected the Var(𝑀𝑎,𝑡) 198 
and CV(𝜆𝑡), to increase with increasing E(𝑀𝑎,𝑡) and 𝜆𝑡, respectively.   199 
 200 
Estimation of spatial scaling and population synchrony 201 
The spatial scaling of population variables was estimated using data from scientific bottom 202 
trawl surveys performed annually by the Norwegian Institute for Marine Research and the 203 
Polar Research Institute of Marine Fisheries and Oceanography from January to March, from 204 
1985 to 2016 (Jakobsen et al. 1997; Aanes & Vølstad 2015). The survey followed a stratified 205 
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sampling design with approximately uniform distribution of sampled locations in space and 206 
was, with few exceptions, performed using Campelen 1800 demersal survey trawls with mesh 207 
sizes of 22 mm in the codend that were towed for ~30 minutes at a speed of 3 knots and an 208 
effecting height of ~4 m (3.5 – 5 m; Aglen 1996). The area covered by the trawls and the 209 
geometry of the trawls (i.e. door spread, mouth opening, relative velocity and contact with the 210 
bottom) were monitored with doppler logs or GPS and SCANMAR system, respectively. For 211 
more details see: Jakobsen et al. (1997), Johannesen et al. (2009) and Pennington et al. 212 
(2011).   213 
 214 
The survey data were used to estimate site-specific indices of abundance and yearly change 215 
in abundance. A site is defined as each of the cells of hexagonal grids placed over the study 216 
region. Yearly changes in abundance are defined as changes in local abundance from a given 217 
year to the next and are expected to be driven by fish returning or remaining around the same 218 
regions after undergoing spawning migrations, and thereafter influenced by dispersal 219 
dynamics, density regulation and mortality rates. To assess the influence of the spatial 220 
resolution of the hexagonal grid on the spatial synchrony estimates, we estimated indices of 221 
abundance and yearly changes in abundance over cell sizes of 2500, 4900, 8100, 12100, 222 
16900, 22500, 28900, 36100 (Fig. 1), 44100 and 52900 km2. The 36100 km2 resolution was 223 
chosen for this study based on a balance between minimizing the number of incomplete series 224 
and reducing the risk of losing spatial signalling for all species included in this study. Results 225 
from the analysis using other resolutions are presented in the supplementary materials 226 
(Appendix 2). For simplicity, we performed the spatial analyses under the assumption that 227 
distance decay is isotropic. It is possible that underlying spatial heterogeneity could cause 228 
different rates of decay in different directions in some cases, but there is no reason to believe 229 
that this assumption would cause systematic biases. 230 
 231 
Catch numbers divided by the area swept by the trawl were considered to be direct 232 
observations of density (c.f. Aanes & Vølstad 2015), and local densities (𝑁) were estimated 233 
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by averaging the sampled densities per cell area and year. Local changes in abundance at 234 
time t were defined as the log of the ratio of abundance in subsequent years, i.e. 𝑟𝑡 =235 
log(𝑁𝑡+1 𝑁𝑡⁄ ). The resulting estimates of log abundance (log(𝑁𝑡)) and the log of annual 236 
changes in abundance (𝑟𝑡) were compiled into time series for each grid-cell. Values of 𝑁𝑡 that 237 
were 0 were omitted from the analysis as they will result in undefined values of both log(𝑁𝑡) 238 
and 𝑟𝑡, and hence all results are conditioned on 𝑁𝑡 > 0.   239 
 240 
Spatial autocorrelation in the variables log(𝑁) and 𝑟 were each estimated with a model where 241 
the data are assumed spatially dependent but independent in time, following principles for 242 
introducing spatial dependence (see e.g. Cressie & Wikle 2011). For the variable of interest 243 
at site 𝒔 and time 𝑡, 𝑦(𝒔, 𝑡), we write  244 
 𝑦(𝒔, 𝑡) = 𝜅(𝒔) + 𝑊(𝒔, 𝑡) + 𝜀(𝒔, 𝑡) (1) 
 245 
where 𝜅(𝒔) is the mean at site 𝒔, 𝑊(𝒔, 𝑡) is a spatially dependent and 𝜀(𝒔, 𝑡) a spatially 246 
independent, both zero mean, random variables. Then 𝑊(𝒔, 𝑡) includes the spatially structured 247 
deviations from the mean and 𝜀(𝒔, 𝑡) the residual variability representing microscale and 248 
sampling variability. The covariance function of spatial distance 𝑑 is defined as 249 
 𝐶𝑊(𝑑) = Cov(𝑊(𝒔, 𝑡), 𝑊(𝒓, 𝑡)) = 𝜎(𝒔)𝜎(𝒓)𝜌𝑌(𝑑) (2) 
 250 
where 𝜎(𝒔) is the variance at site 𝒔, 𝜌𝑌(𝑑) = [𝜌∞ + (𝜌0 − 𝜌∞)ℎ(𝑑)] is the spatial 251 
autocorrelation at distance 𝑑, where 𝜌∞ and 𝜌0 are the correlations of the population variables 252 




), which is a Gaussian function where the parameter 𝑙 defines the spatial scaling. 254 
The residual variation is included in 𝜀 and is independent of 𝑊(𝒔, 𝑡), such that  255 
 𝐶𝑌(𝑑) = Cov(𝑌(𝒔, 𝑡), 𝑌(𝒓, 𝑡)|𝜅(𝒔), 𝜅(𝒓)) = Cov(𝑊(𝒔, 𝑡), 𝑊(𝒓, 𝑡)) + 𝜎𝜀




Assuming 𝜎(𝒔) = 𝜎(𝒓) = 𝜎, i.e. variance is equal across space, we get the covariance function 257 
 𝐶𝑌(𝑑) = 𝜎
2[𝜌∞ + (𝜌0 − 𝜌∞)ℎ(𝑑)] + 𝜎𝜀
2I(𝑑 = 0) (4) 
  258 
Writing 𝒀𝑡 = (𝑌(𝒔1, 𝑡), 𝑌(𝒔𝟐, 𝑡), … , 𝑌(𝒔𝑛𝑠 , 𝑡))
′
, 𝑛s being the number of sites, we have E(𝒀𝑡|𝜿) =259 
𝜿 and Var(𝒀𝑡|𝜿) = 𝚺 + 𝜎𝜀
2𝐈  where the elements in 𝚺 are defined by Cov(𝑊(𝒔, 𝑡), 𝑊(𝒓, 𝑡)). 260 
Assuming all 𝑊 and 𝜀 follow lognormal distributions, it may then be shown that the mean 261 
corrected values are approximately multivariate normally distributed  262 
 𝐲(𝑡) − ?̂? ~
∙
𝑀𝑉𝑁(0, 𝚺 + 𝜎𝜀
2𝐈) (5) 
 263 
where ?̂? is the vector of mean values at each location. Hence, the likelihood function 264 
𝐿(𝐲(𝑡) − ?̂?; 𝜃) = ∏ 𝑓(𝐲(𝑡) − ?̂?|𝜃)𝑇𝑡=1  is completely specified, such that the parameters 265 
𝜌0, 𝜌∞, 𝜎
2 and 𝑙 can be estimated by numerical optimization. Distributions of parameters are 266 
obtained by non-parametric bootstrapping achieved by resampling vectors of annual 𝒀𝑡 with 267 
replacement and subsequently fitting the model to each replicate dataset.  268 
 269 
Generalized Linear Models (GLMs) were used to analyse the relationship between each life 270 
history trait and scaling of synchrony (i.e. 𝑙 in the Gaussian function, ℎ(𝑑)) of abundance and 271 
yearly changes in abundance, independently. Estimates of spatial scaling were log-272 
transformed to linearize their relationship with the life history parameters. First, we used GLMs 273 
of the form log(𝑍) =  𝛽0 +  𝛽1𝑋, where the response variable, 𝑍, is the spatial scaling 274 
parameters 𝑙log (𝑁) or 𝑙𝑟, 𝛽0 is the intercept of the model, 𝑋 represents one of the life history 275 
parameters (𝐺𝑇, E(𝑀𝑎,𝑡), Var(𝑀𝑎,𝑡),  𝜆𝑡 or  CV(𝜆𝑡)) and 𝛽1 represents the rate at which the 276 
spatial scaling changes in response to unit changes in the life history traits. The spatial scaling 277 
parameter was represented by the median of the distribution of synchrony scalings obtained 278 
through a bootstrapping. To account for the heteroskedasticity and non-normality of the 279 
variables, we bootstrap-resampled the model 50 000 times using random values from each of 280 
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the models’ variables. This resulted in 50 000 slope and intercept estimates for each of the 281 
ten models. Lastly, to examine the presence of a general relationship between spatial scaling 282 
and life history traits, we measured the proportion of positive or negative slopes within the 283 
resulting model outputs. All data analyses were carried out in R version 3.5.0 (R Core Team 284 
2018). 285 
 286 
Table 1. Estimated spatial scaling (𝑙) of abundance (𝑙𝑜𝑔 (𝑁)) and annual change in 287 
abundance (𝑟) with corresponding 95% confidence intervals in brackets, as well as the 288 
estimated values for each life history trait obtained from Bjørkvoll et al. (2012) with their 95% 289 
credible intervals. 290 
  𝑙 (km) 
Species log (𝑁) 𝑟 
Golden redfish 501.8 (317.2, 803.2) 352.2 (7.5, 569.5) 
Beaked redfish 363.0 (124.0, 613.4) 141.3 (103.2, 375.4) 
NSS herring 247.3 (181.0, 320.6) 221.7 (6.6, 355.4) 
NEA saithe 306.3 (84.9, 504.6) 30.7 (3.7, 212.01) 
NEA cod 279.4 (144.4, 414.5) 375.1 (202.7, 496.2) 
NEA haddock 198.7 (138.0, 308.8) 270.4 (132.9, 426.5) 
Blue whiting 218.7 (165.1, 343.5) 391.4 (212.8, 573.9) 
Barents Sea capelin 201.7 (139.0, 273.3) 118.5 (12.1, 205.5) 
 291 
 Population parameteres estimates from  






























































































Life history strategies 294 
 295 
As expected, generation times, 𝐺𝑇, were negatively correlated with expected natural mortality 296 
rates at age and year, E(𝑀𝑎,𝑡) (Pearson’s r (𝑅𝑝) = -0.89, n = 8, p = 0.003), and with annual 297 
multiplicative population growth rates, 𝜆𝑡 (𝑅𝑝 = -0.85, n = 8, p = 0.007). Correspondingly, 298 
E(𝑀𝑎,𝑡) and 𝜆𝑡 were positively correlated (𝑅𝑝 = 0.89, n = 8, p = 0.003). In this study, capelin, 299 
blue whiting and haddock represented the faster end of the continuum, while beaked redfish 300 
and golden redfish represented the slow end (Table 1). 301 
 302 
The CV of population growth rate, CV(𝜆𝑡), were positively correlated with 𝜆𝑡 (𝑅𝑝 = 0.94, n = 8, 303 
p < 0.001), but negatively with 𝐺𝑇 (𝑅𝑝 = -0.74, n = 8, p = 0.037). On the other hand, variance 304 
in mortality, Var(𝑀𝑎,𝑡), was not significantly correlated with E(𝑀𝑎,𝑡)(𝑅𝑝 = 0.64, n = 8, p = 0.089), 305 
nor with 𝐺𝑇 (𝑅𝑝 = -0.56, n = 8, p = 0.145). 306 
 307 
Spatial scaling of abundance and yearly change in abundance 308 
The scaling estimates of abundance varied markedly among species, more than doubling in 309 
distance from the shortest (capelin and haddock) to the longest (golden redfish; Table 1). 310 
Increasing the cell sizes of the grid used to calculate spatial synchrony generally increased 311 
the estimated spatial scaling of abundance for all species. Coarser resolutions also reduced 312 
the uncertainty of the estimates for species with less spatial data that showed high uncertainty 313 
at finer resolutions, e.g. Saithe (Appendix 2). We present the results from the analysis 314 
performed at a resolution of 36100 km2. This resolution represents a good balance between 315 
fine spatial resolution and minimizing noise/error in the abundance estimates. Scaling 316 
estimates of yearly changes in abundance differed inconsistently from the scaling estimates 317 
of abundance, being in some cases greater and in other cases shorter for different species 318 
(Table 1). Varying the resolution influenced the scaling estimates in an inconsistent matter, 319 
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although courser resolution generally reduced the overall uncertainty of the estimate 320 
(Appendix 2).  321 
 322 
Life history strategy and spatial scaling 323 
We found a higher spatial scaling of abundance (i.e., synchrony over larger distances, 𝑙log (𝑁)) 324 
in species with slower life histories. This trend was consistent across the resolutions used in 325 
the spatial synchrony analysis. Uncertainty in the estimated relationship decreased with 326 
coarser resolutions (Appendix 2). No significant correlation was found between the spatial 327 
scaling of yearly change in abundance, 𝑙r, and life history strategy regardless of the spatial 328 
resolutions examined.  329 
 330 
We found a positive relationship between species' generation time, 𝐺𝑇, and 𝑙log (𝑁) (𝛽𝐺𝑇,𝑁 = 331 
0.066, 95% CI = (0.041, 0.090), p = 0.002; Fig. 2a). The positive relationship was persistent 332 
when accounting for the variance within both variables, as 98.7% of the slopes from the 333 
bootstrap were positive. Increasing population growth,  𝜆𝑡, predicted a decline in 𝑙log (𝑁) (𝛽𝜆,𝑁 334 
= -1.351, 95% CI = (-2.011, -0.689), p = 0.007), also evident when accounting for the 335 
uncertainty in the variables as 98.7% of the slopes supported a negative correlation (Fig. 2b). 336 
A negative pattern was also present in the relationship between CV(𝜆𝑡) and  𝑙log (𝑁) (𝛽CV(𝜆),𝑁 = 337 
-0.786, 95% CI = (-1.324, -0.247), p = 0.029), where 98.6% of the bootstrapped models 338 
predicted a negative relationship (Fig. 2c). Expected mortality rate, E(𝑀𝑎,𝑡), showed significant 339 
negative correlation with in 𝑙log (𝑁) (𝛽E(𝑀),𝑁 = -1.770, 95% CI = (-2.520, -1.012), p = 0.003), with 340 
97% of the bootstrapped models supporting the relationship (Fig. 2d). The relationship 341 
between the species’ average estimated Var(𝑀𝑎,𝑡) and the median of their estimated 𝑙log (𝑁) 342 
values showed a negative trend as well, although non-significant (𝛽Var(𝑀),𝑁 = -2.11, 95% CI = 343 
(-4.162, -0.064), p = 0.090). The bootstrap-resampling of the model indicated that 94.1% of 344 





Figure 2. Relationship between spatial scaling of abundance, 𝑙𝑙𝑜𝑔 (𝑁), and a) generation time, 348 
𝐺𝑇, b) multiplicative population growth rate, 𝜆𝑡, c) CV of the multiplicative population growth 349 
rate, 𝐶𝑉(𝜆𝑡), d) expected mortality rate, 𝐸(𝑀𝑎,𝑡) and e) variance of mortality, 𝑉𝑎𝑟(𝑀𝑎,𝑡). 350 
Points represent the median of each species’ spatial scaling estimates and their estimated 351 
life history traits, with the vertical and horizontal lines indicate their 95% confidence intervals 352 
and credible intervals, respectively. The dashed lines should reach (from left to right) 803 353 
and 613 km, but the range of the y-axis was delimited. The regression line shows the 354 
model’s prediction with the uncertainty shown by the 95% credible sets in grey. The arrow 355 
under the x axis indicates the direction of the relationship between the life history traits and 356 
the slow-fast continuum. 357 
 358 
The 𝐺𝑇 of a species was not found to be correlated with 𝑙r (𝛽𝐺𝑇,𝑟= 0.02, 95% CI = (-0.136, 359 
0.172), p = 0.826), even when accounting for the variance within both variables in the 360 
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bootstrap approach (P (𝛽1<0= 0.48); Fig. 3a). Likewise, 𝑙r was not found to be dependent on 361 
 𝜆𝑡 (𝛽𝜆,𝑟 = 0.164, 95% CI = (-3.232, 3.559), p = 0.928; P(𝛽1<0= 0.483); Fig. 3b), nor dependent 362 
on the population’s CV(𝜆𝑡) (𝛽CV(𝜆),𝑟 = -0.798, 95% CI = (-2.414, 4.009), p = 0.644; P(𝛽1<0= 363 
0.484); Fig. 3c). Finally, neither E(𝑀𝑎,𝑡) nor Var(𝑀𝑎,𝑡) were found to be predictors of variation 364 
in 𝑙r (𝛽E(𝑀),𝑟  = -0.356, 95% CI = (-4.647, 3.934), p = 0.876; P(𝛽1<0= 0.59); 𝛽Var(𝑀),𝑟  = -0.4214, 365 
95% CI = (-7.534, 6.691), p = 0.911; P(𝛽1<0= 0.54); Fig. 3d-e) 366 
 367 
 368 
Figure 3. Relationship between spatial scaling of annual changes in abundance, 𝑙𝑟, and a) 369 
generation time, 𝐺𝑇, b) multiplicative population growth rate, 𝜆𝑡, c) CV of the multiplicative 370 
population growth rate, 𝐶𝑉(𝜆𝑡), d) expected mortality rate, 𝐸(𝑀𝑎,𝑡) and e) variance of mortality, 371 
𝑉𝑎𝑟(𝑀𝑎,𝑡). Points represent the median of each species’ spatial scaling estimates and their 372 
estimated life history traits, with the vertical and horizontal lines indicate their 95% confidence 373 
intervals and credible intervals, respectively. The regression line shows the model’s prediction 374 
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with the uncertainty shown by the 95% credible sets in grey. The arrow under the x axis 375 




Our results show that among species variation in the spatial scaling of abundance synchrony 380 
is related to life history in a way that follows the slow-fast continuum, where species located 381 
at the slow end have greater spatial scaling of abundance. The general relationship between 382 
spatial scaling of abundance and life history was robust to variation in the resolution used to 383 
calculate spatial synchrony, at least within the resolution margins explored here. Scaling of 384 
synchrony in annual change in abundance also varied with resolution, but was not found to 385 
depend on life history parameters under any of the resolutions analysed. Our findings highlight 386 
an important connection between species life histories and spatial population dynamics and 387 
suggest that knowledge of a species’ life history could give an indication of its expected spatial 388 
distribution and synchrony, at least among marine fish species.  389 
 390 
The slow-fast continuum is a useful predictor of life history variation in a range of taxa, 391 
including birds (Sæther & Bakke 2000), mammals (Oli 2004; van de Kerk et al. 2013) and 392 
reptiles (Shine & Charnov 1992; Clobert et al. 1998). While previous studies have identified a 393 
trilateral continuum model with up to five distinct life history strategies among fish species 394 
(Winemiller & Rose 1992; King & McFarlane 2003), Bjørkvoll et al. (2012) showed how a 395 
simple linear continuum could describe life history variation in fish species from the Barents 396 
Sea community. Towards the slow end species had low reproduction and mortality, slow 397 
population growth and long generation times, while fast-lived species showed contrasting 398 
attributes. Our results showed the same pattern, despite our smaller species sample size and 399 
a different methodology. Furthermore, our findings expand our understanding of life history 400 
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covariation patterns by showing that the spatial scale of synchrony in abundance within a 401 
population correlates with the slow-fast continuum.  402 
 403 
Although the main factors causing spatial synchrony (i.e. dispersal, environmental forcing and 404 
trophic interactions) are well documented across taxa (e.g. Hanski & Woiwod 1993; Koenig 405 
2001; Grøtan et al. 2005; Frank et al. 2016), little is known about how a species’ pace of life 406 
influences these factors. Theoretical studies have proposed mechanisms to link spatial scaling 407 
to species traits in ways that are consistent with the general pattern shown empirically here. 408 




𝛾⁄  that a population’s spatial 409 
scale of synchrony in abundance (𝑙𝜌
2) depends on the spatial scale of environmental synchrony 410 
(𝑙𝑒
2), individual dispersal rate (𝑚), and dispersal distance (𝑙2), but that the contribution of 411 
dispersal could be regulated by the strength of density regulation (𝛾), which is correlated with 412 
pace of life (Beddington & May 1977; Herrando-Pèrez et al. 2012). This idea was further 413 
developed to allow for higher environmental noise (Engen 2017), showing that individuals from 414 
species with lower population growth rates or weaker density regulated populations, such as 415 
those towards the slow end of the slow-fast continuum, are expected to disperse farther, 416 
allowing them to contribute significantly more to synchrony over larger distances. Other 417 
simulation studies have also shown that slower population growth rate and lower reproductive 418 
rates increased the relative contribution of dispersal to synchrony, allowing synchrony in 419 
population dynamics to extend beyond the one generated by the environment (Söndgerath & 420 
Schröder 2002; Ranta et al. 2006; Bahn et al. 2008). Given the known associations that traits 421 
like density regulation, reproductive rate or growth rate have within the slow fast continuum 422 
(Herrando-Pèrez et al. 2012), it makes sense that a pattern of covariation between the pace 423 
of life and spatial scaling exists.  424 
 425 
Results from previous studies on wild populations that included both measurements of spatial 426 
population dynamics and of a life history trait provide some support to the reported pattern. 427 
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Without making reference to spatial autocorrelation, Kuo et al. (2016) showed that slower lived 428 
fish species tended to be more homogeneously distributed in space compared to fast lived 429 
ones, and hypothesized that greater resistance to stochastic events of slow lived species may 430 
be responsible for the pattern (Johst & Brandl 1997). Similarly, a study on British bird 431 
populations found that larger body size correlated positively but not significantly with the rate 432 
of synchrony decline with increased distance (Paradis et al. 2000), supporting our general 433 
pattern. However, when they removed the variation caused by changes in the global 434 
population abundance to assess how local factors alone were driving synchrony, the 435 
correlation between the variables was negative. 436 
 437 
Spatial scaling in the synchrony of annual changes in abundance was not found to be 438 
predicted by life history. This could be influenced by several factors, but movement dynamics 439 
is likely to be a major driver. Homing behaviour could be affecting the spatial synchrony of 440 
changes in abundance (Östman et al. 2017), and is also a population characteristic that is not 441 
associated with life history. For example, all species studied here migrate annually to 442 
spawning grounds and feeding grounds (Olsen et al. 2010). While the feeding grounds of 443 
some of the species studies might be spatially stable (e.g. haddock, cod), other species have 444 
more variable feeding grounds. Capelin tends to move northward to follow the plankton blooms 445 
triggered by the melting of the sea ice. However, as the melting rate of the ice varies among 446 
years (Fossheim et al. 2015), the spatial distribution of capelin will also vary, decoupling the 447 
abundance at a given site between subsequent years. In addition, many of the species 448 
included in our study tend to be age-segregated in space (Olsen et al. 2010). Changes in the 449 
age structure of the population, induced by for example harvesting, might therefore cause 450 
decreased synchrony among local annual changes in abundance (Kuo et al. 2016).   451 
 452 
The choice of spatial resolution in the grouping of the data can have significant effects on the 453 
resulting patterns (Pearson & Carroll 1999; Dungan et al. 2002). Here, the choice of resolution 454 
in the spatial synchrony analyses influenced the resulting scaling estimates differently 455 
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depending on the species, but not the relationship between scaling and life history. In fact, the 456 
relationship became clearer with coarser resolution. This phenomenon is known as the 457 
“modifiable areal unit problem” (Liebhold et al. 2012). Variation in the amount of data available 458 
for some species, as well as the omission of zeros during the analyses probably led to greater 459 
variation at finer resolutions, which was improved after reaching certain resolutions for each 460 
of the species. Moreover, increasing the resolution tended to result in higher estimates of 461 
scaling for all species, while the uncertainty in the estimates for some species decreased 462 
greatly (e.g. saithe).  463 
 464 
The observed extents of the spatial scaling of synchrony in abundance and its annual variation 465 
are comparable to previous studies on fish (Myers et al. 1997; Östman et al. 2017), and 466 
indicate that widely synchronized environmental forces and/or dispersal are acting on the 467 
populations (Grenfell et al. 1998). Interspecific variation in the intensity of external factors, like 468 
harvesting pressure, is also expected to cause variation in synchrony (Frank et al. 2016) by 469 
for example altering the age/size structure of populations (Jørgensen & Holt 2013; Kuo et al. 470 
2016). Homing behaviours or diet preferences could also influence the dispersal patterns of 471 
the species studied differently affecting their synchrony, where food generalists might not need 472 
to search as much as specialists, thereby decreasing their dispersal (Yaragina & Dolgov 473 
2009).  474 
 475 
All the data used in this study were collected by bottom-trawl surveys. It could be argued that 476 
bottom trawling is less appropriate for the two pelagic species in our study (capelin and 477 
herring) than for the demersal species (McQuinn 2009; Frank et al. 2013). However, bottom 478 
trawls can be used to monitor the abundance of pelagic species under the assumption that a 479 
constant fraction of the population is available in the sampling volume of the trawl (near the 480 
bottom) between years. Pelagic fish species, like herring, are often found near the bottom in 481 
shelf areas like the Barents Sea and the North Sea. Therefore, bottom trawl surveys have 482 




Our results have important implications under future climate change scenarios. Recent 485 
publications have predicted that climate change and associated ecological processes (e.g. 486 
increased competition or predation) will change population life histories and spatial 487 
distributions  (Swain et al. 2015; Pinceel et al. 2016; Lancaster et al. 2017). In addition, climate 488 
change and other anthropogenic disturbances that alter population cycles, such as harvesting, 489 
have been shown to influence the spatial synchrony of populations, with uncertain 490 
consequences for their future (Bjørnstad 2000; Vasseur & Fox 2009; Defriez et al. 2016; 491 
Shestakova et al. 2016). Understanding the link between the two processes, and what 492 
additional factors could influence spatial synchrony (e.g. geography of synchrony, (Walter et 493 
al. 2017)), should be a priority within spatial ecology. Although the current study shows quite 494 
a clear pattern between life history and spatial scaling of abundance it is based on a limited 495 
number of species. It will therefore be important to follow this up with further empirical studies 496 
of this pattern, both in the marine environment and among a variety of taxa and ecosystems.  497 
 498 
Despite there not being a single mechanism able to explain spatial patterns across scales 499 
(Levin 1992), we present a robust pattern that describes how spatial synchrony in population 500 
dynamics varies with distance based on the species’ pace of life. This relationship helps to 501 
bridge knowledge gaps associated with spatial scaling to life history, thereby facilitating a 502 
better understanding of population dynamics and potential vulnerabilities associated to their 503 
spatial distributions. We encourage the testing of this pattern in other species groups to clarify 504 
its generality across ecosystems. Given current ecological challenges, like habitat 505 
fragmentation, climate driven invasions or disease outbreaks, the presented pattern could 506 
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